Research and development (R&D) is a critical factor in sustaining a firm's competitive advantage. Accurate measurement of R&D productivity and investigation of its influencing factors are of value for R&D productivity improvements. This study is divided into two sections. The first section outlines the innovation and commercialization stages of firm-level R&D activities. This section analyzes the productivity of each stage using a propensity score matching (PSM) and two-stage data envelopment analysis (DEA) integrated model to solve the selection bias problem. Second, this study conducts a comparative analysis among subgroups categorized as labor unionized or non-labor unionized on productivity at each stage. We used Korea Innovation Survey (KIS) data for analysis using a sample of 400 Korean manufacturers. The key findings of this study include: (1) firm innovation and commercialization productivity are balanced and show relatively low innovation productivity; and (2) labor unions have a positive effect on commercialization productivity. Moreover, labor unions are an influential factor in determining manufacturing firms' commercialization productivity.
addressed the sample selection bias problem. DEA does not consider sample selection bias, which can distort the derived results. Additional methodology is required to select the right sample for DEA. To overcome these two limitations of previous studies, this study examines the significance of labor unions and R&D productivity and investigates the effects of labor unions on R&D productivity. We attempted to solve selection bias in the comparative analysis by applying a propensity score matching (PSM) method to the sample to investigate R&D productivity. In the R&D productivity analysis, R&D is further divided into innovation and the commercialization stages [19] . The productivity in each stage is measured using a two-stage data envelopment analysis (DEA) model. This manuscript is organized as follows: Section 2 provides a literature review of the two-stage DEA model used to analyze productivity, the PSM methodology that is combined with the two-stage DEA, and the effect of labor unions on firm R&D. Section 3 outlines the model and data sources. Section 4 presents the results of the analysis. Finally, Section 5 offers a summary, implications, and the limitations of the research.
Literature Review
This research overcomes the limitations of previous studies. We divide R&D into innovation and commercialization stages to investigate labor union effects on R&D productivity. Additionally, almost all of the related research has applied parametric methods. DEA provides insightful results with respect to reducing or summing input resources to enhance performance, whereas parametric methods are a suitable method for hypothesis testing and economic justification [20] . Unfortunately, each approach is unsuitable across all contexts or data. If DEA is considered with a parametric approach, Banker et al. [21] found that DEA is superior to the parametric approach, and Banker et al. [22] reconfirmed this finding by providing DEA's more accurate efficiency estimates compared to corrected ordinary least squares (COLS). Thus, this paper selects a two-stage DEA as an appropriate method to measure R&D performance in terms of efficiency. We employ propensity scoring methods (PSM) methodology to mitigate the sample selection bias problem that is the main limitation of empirical research using DEA.
Two-Stage DEA Model for Analyzing Innovation and Commercialization Productivity
We employ two-stage DEA to measure innovation and commercialization productivity of Korean manufacturing firms (KMFs). The concept of DEA is defined by Farrell [23] , who first introduced the concept of productive efficiency. Charnes et al. [24] developed a methodology to measure multiple-input and multiple-output productivity based on mathematical programming. Banker et al. [25] introduced a variable returns to scale (VRS) model to improve the weakness in the constant returns to scale (CRS) problem of Charnes, Cooper and Rhodes [24] methodology. DEA is one of the common approaches to the measuring of productivity [26] , and it has attracted scholarly attention as a non-parametric approach [27, 28] .
One primary managerial objective is to produce a given output with minimal use of resources. The concept of productivity is the measuring of outputs divided by input resources [29] . Productivity, therefore, can be described as output/input [26] . DEA is an appropriate method to measure productivity using the ratio of multiple inputs and multiple outputs. DEA's productivity ratio indicates relative efficiency. DEA is a widely used linear model for analyzing relative efficiency based on multiple inputs and outputs [30] . However, a substantial part of DEA models overlooks the existence of intermediates [27] . Practically, it is difficult to reflect the presence of intermediates because of the direct connection between inputs and outputs [27, 31, 32] . From this perspective, a two-stage DEA model can adequately represent the real-world setting and offer practical insights into firm productivity [33] .
The two-stage DEA model was developed by Seiford and Zhu [34] and used by Chen and Zhu [35] . Seiford and Zhu [34] applied the Banker, Charnes and Cooper [25] equation for developing the two-stage DEA model that can solve the scale efficiency problem considering intermediate products.
The authors investigated the productivity of the leading 55 US commercial banks and considered sales and operating income as they relate to scale efficiencies. We believe that this model is appropriate for applying firm-level research. Chen and Zhu [35] improved the two-stage DEA model in follow-up studies when measuring relative efficiency in numerous organizations.
Since Seiford and Zhu [34] , many studies have applied the two-stage DEA model to organizational productivity analysis. These organizations represent various sectors including banking, IT investment, purchasing and supply management (PSM), and sports [32, [35] [36] [37] . Recently, Cao and Yang [38] applied the two-stage DEA model when measuring the productivity of internet-based companies. The authors identified each firm's position by mapping a 2 × 2 matrix using profitability and marketability efficiency scores.
With respect to R&D, many previous studies have explained that R&D is not an isolated single stage, but at least two stages forming a process [39] [40] [41] [42] . A two-stage process is considered a more appropriate classification for R&D because it includes an innovation stage and a commercialization stage [19] . Thus, a two-stage DEA model is more appropriate than other traditional DEA models in the investigation of R&D productivity. Recently, Chiu et al. [43] investigated R&D productivity of Chinese high-tech industries using a two-stage DEA model. R&D processes entail various paths of trial and error, which implies that there are no identical activities among individual firms [44] . A firm's R&D productivity may differ according to the innovation and commercialization activity. Thus, this study investigates KMFs' R&D productivity taking both the innovation and commercialization stages into account using a two-stage DEA model.
Propensity Score Matching (PSM) Methodology
In this section, the authors introduce the PSM method that is adopted to measure the effect of labor unions in KMFs. This method can control the selective problem that might under-or over-estimate the effect of the treatment factor [45] . PSM estimators have advanced in the field of labor economics [46] [47] [48] . Recently, this method has been applied to firm-level literature [49] [50] [51] .
With respect to a non-randomized sample, we consider selection bias. PSM methodology was introduced by Rosenbaum and Rubin [52] to resolve selection bias. PSM's advantage lies in the identification of matching pairs that have a relatively small difference in propensity score. The score is calculated using a number of characteristics or variables that should be rigorously identical with the treatment subject (such as labor unions in the case of this study) [53] . Thus, we consider only one score instead of considering many characteristics individually to take into account many background variables, simultaneously, using PSM.
The PSM must support the conditional independence assumption (CIA). CIA can be expressed by the following equation:
where ⊥ denotes independence, Y1 represents the outcome of the unionized firm, and Y0 denotes the outcome of the non-unionized firm. z is an indicator variable that represents the treatment assignment of a union. This study creates groups of similar union and non-union firms based on the propensity score calculated by the probit model [52] . The propensity score represents the conditional probability of unionization given the covariates, which is related to the observable background variables. This is represented by an equation as follows (z: if there is a union; if not, then z is 0/X: background variables).
A group of non-unionized firms, which corresponds to the group of unionized firms is composed of companies with many similarities. For this, we use different matching measures [48, 54, 55] . This paper uses 1:1 nearest neighbor matching among the matching measures. Nearest neighbor matching is used to match firms that have a labor union with a firm that has the nearest propensity score. Therefore, some firms have more than one match to reduce bias and increase the average quality of matching. The number of distinct non-participants used to construct the counterfactual outcome is restricted by allowing replacement. Then, the variance of the estimator can be increased [54] .
Labor Unions and Firm R&D
The difference in productivity between union and non-union firms is determined by a labor union's effect on the firm's turnover, training, work rules, labor-management communication, worker morale, and management behavior [56] . This is not an exception for firm R&D. While scholars have studied the relationship between labor unions and firm R&D, studies investigating how labor unions may affect R&D productivity are scarce. We suggest trends from previous studies' findings.
First, a large body of literature has investigated labor union effects on R&D investments [16, 18, [56] [57] [58] [59] [60] [61] [62] [63] . Almost all of the existing research indicates that labor unions have a negative effect on R&D investment. The results are based on a union rent-seeking tendency. The tendency refers to desire by labor unions to retain quasi-rents of the return generated from long-term R&D and capital investment. In compliance with the tendency, firms decrease their investment in intangible and tangible assets [64] . Only a few researchers have found that labor unions have a positive effect in low-tech industry firm's R&D, or a negative effect in high-tech industry firm's R&D. Second, Machin and Wadhwani [65] and Daniel [66] researched labor unions and their effect on technology acceptance. These studies suggest that labor unions have a positive effect on worker acceptance of advanced technology. Third, some scholars have analyzed the relationship between labor unions and technology innovation activity [67] [68] [69] . These papers found that unionism has a positive effect on product innovation-related activities. Finally, other papers have investigated the labor union effect on R&D outputs [17, [70] [71] [72] . While many studies revealed that unionism has a negative effect on firm R&D outputs, a few sources from literature found that when union density and bargaining power for wages are appropriate, labor unions have a positive effect.
Model and Data Sources

Model
To measure KMF's R&D productivity, we label innovation as the first stage and commercialization as the second stage. This study uses a two-stage DEA model that is comprised of inputs, intermediates, and outputs. Innovation efficiency is calculated by considering internal R&D investments, external R&D investments, and the number of R&D employees required to produce process and product patent applications. These intermediates represent outputs of the innovation stage and inputs of the commercialization stage, concurrently. Sales and operating income represent outputs of the commercialization stage. Figure 1 presents the research model. This approach comprehensively considers firms' financial performance, which is composed of revenue and profit. This study used DEA Frontier software through a Microsoft Excel add-in to measure R&D productivity. 
Data
This research uses the "2010 Korean Innovation Survey (KIS): Manufacturing industry". Most of the KIS data questionnaires were followed up by the OECD Oslo Manual and Community Innovation Survey (CIS) data. Particularly, the CIS data is collected quadrennially at the firm level in all EU member nations and several non-EU countries. The KIS data were collected by the Science and Technology Policy Institute (STEPI), which is a Korean government-funded research institute. Additionally, KIS data is approved and certified by Statistics Korea (the Korean central government organization for statistics). KIS data are, therefore, appropriate for empirical research investigations at the firm level. Recently, Woo et al. [1] used the KIS data for firm-level empirical research investigating green innovation and firms' labor productivity.
We analyzed the relative efficiency score of each KMF using KIS data through a two-stage DEA model. Additionally, we investigated KMFs R&D productivity by classifying labor unions for comparative analysis. Labor unions are categorized as unionized or non-unionized. For this study, we considered the R&D time lag effect from inputs to outputs when calculating R&D productivity. Many previous studies have considered R&D time lag when measuring productivity. With respect to time lag duration, there is no adequate method of selecting an appropriate duration in years from R&D inputs to R&D outputs [28] . This paper assumes two years as an R&D time lag from inputs to outputs including intermediates. As suggested in the literature review, R&D is a process of inputs to outputs. Therefore, the average method is more appropriate than the lagged method for time lag duration. Lee and Park [73] and Chiu, Huang, and Chen [43] Educational level, industry, firm size, firm age, and the location of the company are considered observable background variables to calculate the propensity score. These variables are also related to R&D performance. Highly educated researchers can rapidly adapt in response to external change [74] , thus contributing to superior R&D performance. Firm size and firm R&D performance have a relationship. A firm's size and industry affects company composition of R&D activities [75] . Immature firms may experience unsuccessful R&D performance from a lack of experience [76] . Mature firms have greater management experience that includes accumulated technological knowledge. This knowledge provides advantages for technology innovation [77] . A firm's location may capture internal and external knowledge that impacts R&D performance [78] . Observable variables for PSM partially control firm R&D, simultaneously.
Among variables, industry is classified as high-tech and low-tech. Four types of industry were suggested by OECD [79] : high-tech, medium-high-tech, medium-low-tech, and low-tech based on the International Standard Industry Classification (ISIC) Revision 3. The KIS data followed the Korean Standard Industry Classification (KSIC) code for industry classifications. Therefore, this paper matches industry classification KIS data and OECD [79] standards. We set our data as high-tech and low-tech industry consistent with [80] . PSM implicitly assumes that the matching twin firms do not differ in terms of observable variables. The all-inclusive list of attributes must be included to approximate the propensity score because the matching models do not necessitate exclusion restrictions [81] . We estimate the propensity score for firms that have a union, including variables that will affect an outcome. We then match, with replacement, a union firm with a non-union firm that has the closest predicted value. A pseudo random sample can be selected through this procedure for which the union type is randomly allocated [82] . Table 2 summarizes background variable information for PSM. The number of samples in the KIS data is 3925. Among the samples, there are 1587 missing sample cases for internal and external R&D expenditures, and 32 samples cases are missing for R&D employees, sales, and operating income. A total of 222 samples cases are excluded because of product and process innovation patent variables. Finally, this study uses 997 firms for the two-stage analysis.
We run probit regression to estimate propensity score with background variables. A sufficient set of background variables is required to satisfy CIA because the assumption only eliminates bias depending on observed variables because of the characteristics of PSM. Each variable was identified because it affects labor union and R&D efficiency. Table 3 shows the results of the analysis. Firm size and firm age affect unionization status in Korean manufacturing firms, positively. With respect to firm size, the larger the firm, the more firm size affects unionization. The result of the balancing test (Table 4) shows that overall bias is reduced. Particularly, over 90% of bias was reduced for firm size and firm age. We attain valid matching results, which implies that the two-stage DEA results are not influenced by PSM. Among the samples, 132 non-unionized firms were matched with 268 unionized firms by applying PSM. Note: Levels of statistical significance: *** = 1%, ** = 5%, and * = 10%. Therefore, we use data from 400 firms to investigate R&D productivity using the two-stage DEA model. Table 5 and Figure 2 show results of PSM. Table 6 shows the descriptive statistics for the two-stage DEA-related variables. Some firms show a negative value for operating income. This is contrary to the popular assumption that DEA variables require positive values, unlike other variables. This implies that operating income is not an appropriate measure for DEA. To accommodate this finding, we adjust the operating income value by adding 293,401 to all firms' operating income to produce at least "1" as a positive value. This method is offered by Iqbal Ali and Seiford [83] and Pastor [84] . This overcomes the negative values, and we include the operating income variable into the two-stage DEA model's output variable. Table 7 shows the results of KMFs' relative innovation and commercialization productivity. We find that the mean of KMFs' innovation productivity is relatively low. Moreover, the standard deviation of the innovation stage is higher than the standard deviation for the commercialization stage. There is a small capability gap among KMFs in terms of commercialization compared to innovation. 0.00 0.07 Max.
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1.00 Table 8 shows the results of the Wilcoxon matched-pairs signed-rank test. The results demonstrate the difference between innovation and commercialization with respect to the productivity rank of KMFs. This analysis is based on the relative efficiency score and each firm's individual efficiency score ranking. We ranked the scores in descending order. Table 8 implies that KMF innovation and commercialization productivity are consistent across firm R&D. This result shows that KMFs are balanced through the R&D process, which consists of innovation and commercialization. Although the stages are not different based on statistical significance, we conclude that practitioners and scholars should recognize both stages of efficiency to improve R&D productivity. 
Comparative Analysis
The DEA scores' statistical validity does not employ parametric analysis methods [85] . Therefore, the DEA score is not appropriate for applying parametric statistical methods under a comparative analysis. This research applied the Mann-Whitney U test to conduct an in-depth analysis on the R&D productivity of KMFs. We investigate the differences in efficiency by labor unions using the Mann-Whitney U test. Table 9 shows the results. The difference in R&D efficiency between these two groups reflects the treatment effect of union firm (ATT) and not pre-existing firm characteristics. The innovation and commercialization stages have slightly opposite directions. In the innovation stage, non-unionized firms have higher productivity than unionized firms without statistical significance. However, unionized firms have higher productivity than non-unionized firms in the commercialization stage with statistical significance. Levels of statistical significance: *** = 1%, ** = 5%, and * = 10%.
Conclusions
Summary
In previous studies, the measurement of R&D productivity considering labor unions and industry technology levels had two limitations. The first limitation was that the R&D process was not incorporated into the DEA model. Therefore, the majority of studies use a traditional one-stage DEA model. In contrast, this study recognizes the R&D process by using a two-stage DEA model, thereby strengthening the measurement of firm R&D activities. The second limitation of previous studies is the lack of research showing the relationship between labor unions and firm R&D productivity. Existing studies have focused on the effectiveness of using R&D investment, innovation activity, and patents. Many studies, however, suggest that productivity is also a significant factor concerning firm R&D. This research area provides valuable insights for policy makers and firm decision makers.
In response to the limitations of previous studies, this paper measures R&D productivity of 536 KMFs using a two-stage DEA model, separating the R&D process into the innovation stage and the commercialization stage. R&D productivity was extracted from the DEA calculations to conduct a comparative analysis after categorizing the data according to labor union status. For a more accurate comparative analysis considering selection bias, we adopt PSM for the DEA. This is the first study to do so in DEA-related studies. This procedure revealed the differences in firm R&D productivity across subgroups. We present the key findings.
First, there is no statistically significant difference in productivity among KMFs in both the innovation and commercialization stages. As indicated in Table 8 , if the firms with an outstanding innovation capability are strong in terms of commercialization capability, this indicates a balance in productivity between innovation and commercialization processes. Second, there is a statistically significant difference in productivity contingent on labor unions. As indicated in Table 9 , whereas unionized firms show outstanding performance in the commercialization stage, there are no statistical differences between non-unionized and unionized firms in the innovation stage. This shows that labor unions have an effect on commercialization directly, and R&D processes as a whole indirectly. Our empirical results do not support previous studies' findings that labor union can decrease commercialization productivity. With respect to commercialization productivity that is determined by patents and financial performance, the results are consistent with published studies. Among US firms, a negative relationship between labor unions and financial performance is revealed by previous studies [64, 86, 87] . Additionally, Machin and Stewart [88] and Menezes-Filho and Aquino [89] found that UK firms show similar tendencies. These previous studies were mainly conducted in the US and developed in a western nation context. However, Morikawa [8] claimed the existence of differences in the relationship between labor unions and firm productivity. This paper suggests that although the previous studies in the US context found a negative effect on firm productivity, there is a positive relationship between labor unions and firm productivity in Japan. This recent result implies that the relationship between labor unions and firm productivity can differ by nation. Our empirical results also suggest differences between contexts by reconfirming Morikawa [8] .
Implications and Limitations
The present study determined the effects of labor unions on innovation and commercialization productivity. Our findings suggest practical courses of action for manufacturing firm's decision makers with respect to R&D. KMFs' R&D productivity is balanced between the innovation and commercialization stages with relatively low innovation productivity. Moreover, productivity is affected by labor unions in the commercialization stage with statistical significance. A firm's R&D involves a process of innovation and commercialization. Therefore, a firm's decision makers should recognize the concept of both innovation and commercialization stages to improve productivity.
The relationship between a firm's labor union and productivity has long been considered important [8] . From an overall firm productivity perspective, there are two main views that are both orthodox and alternative. The orthodox view shows the negative relationship between labor unions and productivity, whereas the alternative view shows a positive relationship [90] . Interestingly, this paper suggests the alternative view with respect to R&D productivity. Moreover, only commercialization productivity is affected by labor unions. According to Dutta and Lanvin [91] , Korea was ranked 39th in a knowledge impact index that includes commercialization and standardization. With respect to Korea's low commercialization capability, this research suggests valuable insight into the role of labor unions and their ability to increase commercialization productivity in the Korean context. To investigate the effect of labor unions on R&D productivity more accurately than previous studies, we employed PSM methodology to solve a selection bias problem with DEA. Traditional comparative analysis based on DEA score is not free of selection bias. This study suggests an appropriate solution by introducing a combination of PSM-DEA. This study represents a pioneering challenge that is academically valuable. A limited number of papers research firm R&D productivity considering influencing factors. Our empirical results provide superior insights into R&D productivity compared to previous studies.
Additionally, the current findings enhance our understanding of Asian developing nation's firm characteristics. The results of previous studies' empirical analyses were not consistent because of the composition of the research samples [92] . Scholars emphasized developed countries such as the US and European countries. There is a lack of empirical research based on developing countries. However, recognition of the significance of labor union and productivity-related research in developing countries has been increasing according to economic growth. Our research serves as a basis for decision making with respect to labor union-related policies of developing nations.
The findings in this paper are subject to four limitations. First, this study set two years as the time lag from R&D inputs to R&D outcomes. Although we explained that there is no appropriate time lag duration in Section 3.2, it may take two years or several years for R&D outcomes to be achieved. The results of future studies can be enriched by extending the time lag. Second, this paper does not consider a strategy of secrecy. We assume that R&D outcomes are achieved through patents. However, some firms do not generate patents to protect their innovation output. Secrecy can be more effective than patent generation in earning profits from innovation [93] . Three, we attempt to focus on the internal features of firm R&D processes. Although innovation (i.e., patents) and financial performance (i.e., sales and operating income) may be affected by numerous external factors, we admit the limitation of DEA in its weakness in accounting for external factors. A future study that reduces the limitations would be insightful. Lastly, this study used cross-sectional data to consider unionization only. Additionally, we set a number of patents as innovation outputs that may have skewness. Moreover, sufficient control was applied to the major attributes following the precedent study, although this is difficult to confirm because all attributes are influential. In reality, measurable variables are limited. If these data problems are overcome in future research, the implications will be more insightful.
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